24Chapter 4 A Framework for Visualization4.1 IntroductionA database system is able to manage many different data arrangements using a declarative description ofthe data, i.e., the schema, and generic components for storing and manipulating the data. To manage visualinformation such as schemas, a DTSM must take a similar approach: use declarative description of schemas andtheir visualizations, and generic methods to manipulate them. These cannot be developed in an ad hoc manner;the design and implementation of a customizable and extensible schema manager must be based on a formalunderstanding of the interplay between schemas and their visual presentations. To achieve this goal, wedevelop a formalism of the visualization process. It consists of the following main elements: 1) a data modelthat captures graph-like information on a conceptual level, 2) a visual model that captures visualizations ofsuch information, and 3) a mapping between data and visual models, referred to as a visual metaphor. We usethe term visual metaphor (abbreviated as metaphor) because metaphor has been used by the interfacecommunity in a variety of ways, generally describing a transformation between abstract and visual information[BCCL91].2 The abstract information of concern to us is the database schema, but this formalism isapplicable to any similarly structured information; throughout this section the word �schema� could be equallywell replaced by �instance of graph-like information�. Examples of visual models and metaphors forvisualizing schemas include directed graphs, E-R diagrams, and textual tables. Clearly, these metaphors havedifferent characteristics, and would be useful in different circumstances. In general, there is no ideal metaphor,thus metaphor choice is important. Unfortunately, no general metaphor selection criteria exist. For the specificcase of database schemas (and similarly structured information), our formalism is intended to provide aframework for flexible use, definition, and evaluation of visual metaphors. This formalism permits thedeclarative definition of models and metaphors, provides criteria for the identification of incorrect metaphors,and presents some guidelines for metaphor comparison. It supports mixed metaphors, i.e., the use of differentvisual metaphors for different parts of a single schema, establishing when and how metaphors may be mixed.Finally, the formalism allows the richness of most visual models to be used to capture information that ismeaningful to the user but is beyond the database schema. A Desk-Top Schema Manager called OPOSSUM hasbeen implemented based on this formalism, and is described in detail in the next chapter. While our work isoriented towards database schemas, the formalism is applicable to the visualization of any structured data thatconforms to our definition of data models (which is found in the next section).4.2 Data and Visual ModelsFor completeness, before presenting the definition of data and visual models, we briefly review some basicdefinitions and notations of binary relations which will be used later in the definition of visual metaphors. Abinary relation r from set A

(its domain) to set B

(its range) is a subset ofA× B

denotedr : A→ B

. Therelationr is called a function if for eacha ∈ A there is at most one b ∈ B where (a,b) ∈ r

; it is calledtotal if for eacha ∈ A there is at least oneb ∈ B where (a,b) ∈ r

; it is called injective if its inverse is a

2The term metaphor is sometimes used to describe behavior of visualizations as well as appearance. Wedo not consider behavior in this chapter.

25function; and it is called onto if its inverse is total. Injective functions are sometimes called 1-1 functions.Binary relations can be unioned, in which case, their domains, their ranges, and the sets of pairs in the relationsare unioned, respectively. For a functionr

, we writer(a) = b instead of(a,b) ∈ r

. Functions may be appliedto sets of values; ifA

' ⊆ A

, thenr(A

') is equal to{r(a) | a ∈ A'}

. We also user –1 to denote the inverse of afunctionr

, which may return a subset of A

ifr is not 1-1. Finally, for a functionr, the notationr(a) is valideven if there is nob ∈ B

wherer(a) = b

. In that case, when applying a set-valued function onr(a)

, theempty set is returned.4.2.1 Problem FormulationBy definition, a schema describes the conceptual structure of some information in a database, specifiedusing the concepts of some data model (for clarity, such a schema will henceforth be referred to as a dataschema). We are interested in the process of creating a visualization of a data schema. For this, we introducethe notion of a visual model. Like a data model, it describes the structure of some information, though itsconcepts are visual. As with data schemas, any visual representation that conforms to a visual model will becalled a visual schema. Visual schemas can be used in two general ways: as a read-only visual representationof the data schema, or as an editable visualization that allows creation or manipulation of a data schema throughchanges to it.Using the above notions, the problem of visual representation of data schemas may be stated formally asfollows. Given a data model D, letS(D) denote the set of valid data schemas that can be constructed based onthat model. Similarly, letS(G) denote the set of visual schemas that can be constructed based on a visualmodel G. The setsS(D) andS(G) are defined to be the information capacities [Hul86, MIR93] of the datamodel D and the visual model G, respectively. In order to create visual schemas that represent data schemas,we require a binary relation betweenS(D) andS(G)

, whose specific properties depend on the intended use ofthe visual schemas. Specifically, 1. If a visual schema of G is used only to view any data schema of D in its entirety, then an onto functionmust exist of the form f : S(G) → S(D)

, so that every data schema can be represented visually. 2. If, in addition, a visual schema of G is also used to update a data schema of D, then a total onto functionmust exist of the form f : S(G) → S(D)

, so that every visual schema can be uniquely interpreted as adata schema.Clearly, not all such functions f that satisfy these properties are useful. Many are arbitrary mappings, withno obvious correspondence between the data schema and the visual schema. Our goal is to establish arelationship between the members ofS(D) andS(G) so that when users view a visual schema, they can inferthe data schema to which it maps. Thus, f should be derived from a correspondence between the features ofthe data and visual models, which would enforce a structural similarity between data schemas and visualschemas. This correspondence is a visual metaphor and is formally introduced in Section 4.3. A formaldescription of the features of data and visual models is given in the next subsection.This problem formulation was motivated by the very similar problem of mapping schemas and databetween different data models in a heterogeneous database system [MIR93]. The specific similarities anddifferences between the two problems are beyond the scope of this thesis.

264.2.2 A Formalism for Data/Visual Models and SchemasIn this subsection, we present a meta-model that can capture a large and interesting class of data and visualmodels. Using this meta-model, we can describe the features of any model in this class and discuss the relativeinformation capacity of any pair of models. Example models described in this meta-model are given in thefollowing subsection.Definition 1 Every data or visual model M can be seen as a sextuple M = <P, A, V, Q, R, C> defined asfollows: Pis a finite set of identifiers for the concepts in M. Each such conceptP is associated with a (possiblyinfinite) set of globally unique idsI(P) that can be used to identify concept instances of typeP

.3Ais a finite set of identifiers for property names (i.e., attributes) of concepts in M. Each element of A isof the formP.A

, whereP ∈ P

andA captures some attribute that all concept instances of typeP should have. We useP.A instead of justA because the same attribute name may be used by more thanone concept. Vis a (possibly infinite) set of identifiers for values of properties of concepts in M. Each element of V isa value binding of the formP.A== v

, whereP.A∈ A andv captures some value that theP.A attribute may have. The values v may be drawn from sets of basic values (such as integers or characterstrings), or the sets of concept instances.Qis a functionQ : P → 2A

, indicating for each conceptP ∈ P the set of attribute identifiers in A thatcorrespond toP

.Ris a functionR : A→ 2V

, indicating for each attributeP.A∈ A the set of value bindings in V thatcan be assigned to it. To capture the set of actual values instead of the value bindings (e.g.,v instead ofP.A== v

) the functionR * is used, whereR *(P.A) = {v| P.A== v ∈ R(P.A)}

Cis a finite set of constraints, i.e., rules that must be satisfied by any schema expressed in M. Theseconstraints are formulas in some prespecified language L and use elements that refer to identifiers in P,A, V.Note that, by the way A and V were defined, ifP ≠ P′ thenQ(P) andQ(P′) are disjoint, and ifP.A≠ P′.A′ thenR(P.A) andR(P′.A′) are disjoint. Also note that concept instances are essentially complex objects,since some of their attributes can take values that are concept instances themselves.Most of the common data models fall naturally in this meta-model. For example, consider the relationalmodel. It has relations and attributes as its concepts, each relation has a name, and each attribute has aname, a type, and a relation with which it is associated. Fully specified examples of data and visual modelsmay be found in Section 4.2.4. The meta-model may be enhanced with several additional characteristics ofmodels in a straightforward way, e.g., with an identifier for the name of each instance of the model, but weavoid that for simplicity of presentation.As defined above, a data schema or visual schema may be considered as an instantiation of a data or visualmodel, respectively. This is formally defined as follows:

3The symbols

P

and P are used to denote concepts and sets of concepts because in an earlierpresentation of this work, concepts were referred to as �types of primitives.�

27Definition 2 A schema

S

of a model M is defined as follows: ¥ For everyP ∈ P

, there is a finite set[P] ⊆ I(P) of concept instances of typeP that appear in schemaS

.¥ For everyP.A∈ A

, there is a total function[P.A] : [P] → [R *(P.A)]

, which determines the value oftheP.A attribute for every concept instance in[P]

. The[R *(P.A)] set is defined such that, ifR*(P.A) = I(P′)

, for someP′∈ P

, then[R *(P.A)] = [P]

. Otherwise,[R *(P.A)] = R *(P.A)

.¥ For everyc ∈ C

, there is a constraint[c]

, constructed fromc by replacing everyP ∈ P

by[P], everyP.A∈ A

by[P.A]

, and everyP.A== v

byv. All these constraints are satisfied by the schema.In the following table, we summarize the notations introduced in Definitions 1 and 2:NotationExplanationPThe set of concepts

P

A concept

I(P)

The set of identifiers for concept instances of type

P [P]

The set of concept instances of type

P

in a schema

AThe set of attributes for all concepts in

P P.A

The

A

attribute of concept instances of type

P [P.A](p)

The value of the attribute of the concept instance

p

VThe set of values for all attributes in A

P.A== v

The element

v

as a value of the attribute

P.A Q(P)

The set of attribute identifiers of concept instances of type

P R(P.A)

The set of value identifiers of the

P.A

attribute

R * (P.A)

The set of values of the attribute

CThe set of constraints of a model

[c]

The instantiation of a constraint

c ∈ C

for the conceptinstances in P and attribute values

P.A

in a schemaTable 4.1. Model Notation4.2.3 Creating Visual ModelsCreation of data models is a classical database problem that is beyond the scope of this chapter [BCN92].In this subsection, we concern ourselves with creating suitable visual models. There is an important differencebetween the two kinds of models. Data models capture abstract organization of information. Their concepts,attributes, and values are determined by the information the model captures. Visual models, however, mustreflect not only the information to be organized, but also the medium in which the models are expressed.Specifically, visual model concepts reflect both the information to be shown and the medium, while the possibleattributes and values of a concept are determined by the medium alone. For example, consider a visual modelused to display directed graphs. Any such model would likely have concepts corresponding to nodes andedges. If the model were oriented toward a monochrome ASCII terminal, these concepts and their attributes

28and values would be very different from a similar model intended for a color bit-mapped display system. Theability to use colors, shapes, lines, and patterns would vary widely between the two. In general, the number andsemantics of visual model concepts are determined by the information that must be displayed, but the precisecomposition of the concepts is determined by the medium.Because data models are used to represent abstract information, their concepts may be chosen arbitrarilybased on some conceptualization of the world. On the other hand, visual model concepts must be visualizable.Therefore, visual concepts must be constructed using only certain visual building blocks. Motivated by ourinvolvement in developing a scientific Experiment Management System, we are concerned with visual modelsto be displayed on color bit-mapped workstations as these are commonly available to scientists. To build visualmodels for this medium, we have chosen the basic visual constructs described in the following table. Thechoice of these constructs is somewhat arbitrary. They are not formally defined in this chapter, but theinterested reader may find a formal discussion of visual constructs elsewhere [FvDFH90]. In the table below,location is a complex attribute consisting of several coordinate values. For the region, text-display, and picture-display constructs, it is assumed to be the location of their center.

Construct

Attributes region shape, orientation, center-location, lower-left-location, background-color, background-pattern, boundary-width, boundary-color, boundary-pattern linesource-location, dest-location, width, color, pattern text-display text, font, location, orientation, size, and color picture-display picture, location, orientation, size, and colorTable 4.2. Visual ConstructsVisual concepts are defined as compositions of the above constructs or other, previously defined, visualconcepts. The attributes of a visual concept are the attributes of all of its components, possibly renamed toavoid any naming conflicts. Since compositions often have a large number of attributes, in our examples wehave omitted many visual attributes to make the examples more manageable.To make the appearance of a composition coherent, it will usually be necessary to include constraintsrelating the attributes of its different components. For example, if a box with a piece of text in the center wererequired, a composition of a region and a text-display would be defined as a concept, and a constraint wouldrequire the value of the location attribute of text-display to be the same as the value of the location attribute ofregion. These constraints regulate the appearance of visual concepts, and are called composition constraintsto distinguish them from other, more semantically focused constraints.4.2.4 Example Data and Visual ModelsConsider a very simple semantic data model, supporting entity-classes that may be mutually related withbinary relationships. Each entity-class has a name and a kind. The two possible kinds are �simple� (such asthe class of integers or the class of character strings) or �compound� (user-defined classes). Each relationshiphas a name, a card-ratio of �1:1�, �1:N�, �M:1�, or �M:N�, and two entity-classes with which it is associated.This data model is the sextuple D = <PD

,AD,VD,QD,RD,CD >, whereCD =∅

, and the concepts inPD

,their attributes inAD

, and their corresponding value sets as determined byRD* are given in table 4.3.4

4For simplicity, we use the names of attributes directly instead of their corresponding full identifiers, i.e.,

29Concept

(P)

Attribute

(P.A)

Attribute Values

(R *(P.A))

entity-class name textkind{simple, compound} relationship textcard-ratio

{1:1, 1:N, M:1, M:N} from-class

I(entity-class) to-class

I(entity-class)Table 4.3. An Example Data ModelNote that the set of values of an attribute has several possibilities: an infinite predefined set (e.g., text), anenumerated set (e.g., {1:1, �, M:N}), or the set of all instances of a concept (e.g., I(entity-class)).Similarly, consider a very simple visual model that supports directed graphs. We define the concepts to benodes and edges, the former a combination of a region and a text-display, and the latter a combination of aline, a text-display, and two nodes. This visual model is the sextuple G = <PG

,VG^,AG^,QG^,RG^,CG^{>,where the concepts in}PG^{, their attributes in}AG^{, and their corresponding value sets as determined by}RG*^{aregiven in table 4.4. For simplicity, only a subset of the attributes is shown. Note that some of the attributeswhose allowed values are a set of size one. For example, the label-color attribute is only allowed to have thevalue �black.� In these cases, the model is specifying that the attribute has a constant value.Concept}

(P) (P.A)

(R_*(P.A))

node shape

{square, oval} location plane-points boundary-width

{2 pixels} color

{blue, red} label-text textlabel-color

{black} edgesource-location dest-location

{black, blue, yellow, green, orange} from-node

I(node) to-node

{black}Table 4.4. An Example Visual ModelThere are four constraints in set

C G

that all schemas of G must satisfy. Two of them are compositionconstraints, related to the relative positioning of the region and text-display for nodes, and the line and text-

A

instead of

P.A

. This also holds for all other models presented in this chapter and applies to any constraintsthat are shown as well.

30display for edges. The remaining two are somewhat more interesting, determining the location of edgeconcept instances in terms of the nodes they connect. Using simple Horn-clauses, we show these constraints,which indicate that the location of the source (resp. destination) of an edge is the same as the location of thefrom-node (resp. to-node) of the edge: ∀ e ∈ edge

,source-location( e

) = location(from-node( e

)), and ∀ e ∈ edge

,dest-location( e

) = location(to-node( e

)).4.3 Visual Metaphors4.3.1 Definitions and NotationA visual metaphor is defined as a correspondence between some of the features of a data and a visualmodel, i.e., elements in P, A, V. A metaphor induces a mapping between data schemas (instances of the datamodel) and visual schemas (instances of the visual model). Basing the schema mapping on the featurecorrespondence helps produce visual schemas that, when viewed, allow the user to deduce the underlying dataschema (Section 4.2.1). Consider a data model D = <PD

,AD,VD,QD,RD,CD > and a visual model G = <PG,AG,VG,QG,RG,CG >. A metaphor will include correspondences between concepts (PD andPG),between attributes (AD andAG), and between attribute values (VD andVG). (The above define acorrespondence between constraints as well, since constraints refer to elements of the P, A, and V sets.) Thesecorrespondences describe the meaning of visual model features with respect to the underlying data model. Forexample, given the data and visual models from Section 4.2.4, if a correspondence were defined between theconcepts entity-class and node, then every instance of a node in a visual schema would imply the existence ofa entity-class in the data schema. To allow presentation flexibility, we permit correspondences to existbetween multiple features in the visual model and a single feature in the data model (an example of this is givenin the next section). This is possible only when the visual model has a greater information capacity than thedata model (Section 4.2.1), which is almost always the case.Definition 3 A metaphorT is an onto function from G to D (denoted byT : G→ D

), which is the union ofthe following three onto functions: FunctionTp : PG → PD

.FunctionTa : AG → AD

, which is equal toUP ∈ PGTaP

, where for each conceptP

,TaP : QG(P) → QD(Tp(P))

is an onto function.5 FunctionTv : VG → VD

, which is equal toUP.A∈ AGTvP.A

, where for each attributeP.A

,TvP.A : RG(P.A) → RD(Ta(P.A))

is an onto function.As mentioned above, all constraints inCG use elements that refer to identifiers inPG

,AG, andVG. Weoccasionally use the notationT(c),c ∈ CG

, for the constraint constructed fromc by replacing each element

5Note that if

P

does not have an image under

T p

, then

Q D ( T p ( P ))

is the empty set. Therefore

T a

P

isempty as well which makes it vacuously an onto function. Similar observations hold for

T_v^{P.A} .

31referring to an identifier

x

of

P^G ∪ A^G ∪ G^G

by an element referring to the identifier

T(x)

. We also use thenotationT(IG(P)) to denoteID(T(P))

.4.3.2 The Induced Schema MappingGiven a metaphor as defined above, a mapping between data and visual schemas can be induced. Usingthis induced mapping, any data schema of D can be transformed to a visual schema of G in a manner thatremains faithful to the metaphor.Definition 4 Given a metaphorT : G→ D and a visual schema of G,T induces an onto functiont from UP ∈ PG P ∪ [P.A] | P.A∈ AG

schema of

D

with thefollowing characteristics: ¥

∀ P ∈ P^G ∀ p ∈ [P]

if

T^p(P)

is defined, then t(p) T^p(P)

¥

∀ P ∈ P^G ∀ P.A∈ Q(P)

T^a(P.A) t([P.A])

is a function

T^a(P.A) : T^p(P) → R^D_* (T^a(P.A))

such that

∀ p ∈ [P]

the following holds: if

[P.A](p) = v

and

T(P.A == v) = (P′.A′== v′)

then t([P.A])(t(p)) = v′

The first clause above states that concept instances of the visual schema in represent concept instances insome data schema in based on the type correspondence specified by

T

. The second clause states that, forevery visual model attribute mapped by

T^a

, there exists a data model attribute whose values are determinedbased on the value correspondence

T^v

. Essentially, this is a commutivity requirement that is best shown inFigure 4.1. Based on the two clauses above, the induced function t

determines a mapping from any visualschema in to some data schema in

. As with the metaphor

T

, the induced function t

can be extended toinclude in its domain instantiations of constraints, t([c])

for

c ∈ C^G

[P.A]

t([P.A])P’.A’ == v’

Attribute Function ApplicationMetaphor

v’P.A == v

Value to Identifier

Figure 4.1. Commuting diagram between metaphors and attribute functions.4.3.3 An Example To illustrate the above definitions, we present a metaphor

T

. This metaphor maps from a visual modelsimilar to that in Section 4.2.4 to the data model discussed in the same section. The visual model has beensupplemented with an additional concept, called a blob, which consists of a region and two text-displays,referred to as label1 and label2. Also, the from-node and to-node attributes of relationship have been extendedto accept as values both nodes and blobs. This function

T

is defined in the Table 4.5.

x T(x)

node entity-class node.label-text entity-class.name node.label-text==x entity-class.name==x node.color entity-class.kind node.shape node.color==�blue� entity-class.kind==�simple� node.shape==�square� node.color==�red� entity-class.kind==�compound� node.shape==�oval� blob blob.label1-text blob.label1-text==x blob.label2-text blob.label2-text==�P� blob.label2-text==�C� edge relationship edge.label-text relationship.name edge.label-text==x relationship.name==x edge.from-node relationship.from-class edge.from-node==c relationship.from-class==t(c) edge.to-node relationship.to-class edge.to-node==c relationship.to-class==t(c) edge.color relationship.card-ratio edge.color==�green� relationship.card-ratio==�1:1� edge.color==�orange� edge.color==�yellow� relationship.card-ratio==�1:N� edge.color==�blue� relationship.card-ratio==�M:1� edge.color==�black� relationship.card-ratio==�M:N� Table 4.5. A Sample Metaphor.

A metaphor provides meaning to features of a visual model by establishing a correspondence between themand the features of a data model. The precise meaning is captured by the function

T

. For example, displaying red oval node implies the existence of a compound entity-class in the data model. The use of the

T

function

t

should produce visual schemas that users can correctly and unambiguouslyinterpret. Depending on various properties of

T

visual schema may include features that do not carry anymeaning and/or features that carry redundant meaning. Based on knowledge of

T

, users should be able toignore the former and not be confused by the latter.We would like to comment on the various properties of metaphors as they relate to the relative informationcapacity of a data and a visual model. As a minimum requirement, a metaphor has been defined as an ontofunction: if it were not onto, then some characteristics of a data model would not be captured visually; if it werenot a function, then a single visual construct could have multiple meanings, and therefore could not be interpreted correctly.

For a metaphor that is not total, some visual elements do not mean anything with respect to the data model.If a metaphor will be used only for retrieving a data schema,

T

to be total. Under retrieval, only be visualized, so non-totality does not create any problem. Specifically, non-totality of

T^p

or

T^v

of visual attributes respectively will never be used,while non-totality of

T^a

implies that the values of some attributes can be arbitrary. If a metaphor will be usedfor retrieving and updating a schema,

T^p

and

T^a

still do not have to be total. For

T^a

, the reasons are the same

T^p

is permissible because visual concepts that are not mapped by

T^p

may be used for ignored when mapping the visual schema to a data schema. For each

P.A

that is mapped by

T^a

, however,

T^v_{P.A}

must be total. Otherwise, one could draw a visual schema that would notbe translatable to a data schema.To demonstrate the use of a non-total metaphor, consider a data model capturing words in the Englishlanguage as strings of letters from the Roman alphabet. A visual model is constructed to visually presentthese words based on a straightforward metaphor that maps each display of a word to the word itself. Because are visually expressed, must also include information about typeface, size, color, letter spacing,and other visual characteristics of letters that carry no particular meaning, i.e.,

T^a

is not total. Hence, has agreater information capacity than equal to the number of English words(about 600,000) multiplied many times by the possible typefaces, sizes, and the other characteristics. Yet nomatter how font or size vary (within reason), a visualization of a word carries an unambiguous meaning in thecontext of the metaphor.If a metaphor is not 1-1 then multiple visual elements have the same meaning with respect to the datamodel. For both retrieval and update, the implications of this are the same. If

T^p

T^v

isa choice of visual constructs that can be used, which should be left to the user or resolved via some defaultmechanism. If

T^a

is not 1-1 then there is redundancy: multiple visual attributes capturing the same data nature of visual models, there is no issue of choice here: all attributes of a concept instance schema, and therefore all those mapped to the same data attribute should beassigned consistent values based on

T^v

. This issue of consistency arises because of the redundancy semantics.For visual updates of schemas, if several visual attributes are mapped to the same attribute by

T^a

, as soon as thevalue of one of them is specified, the values of all others are uniquely determined.

model, i.e., several

T^p(node) = T^p(blob) = entity–class

instance of type entity-class may be represented equivalently as either a visual conceptinstance of type node or one of type blob. Attribute correspondences are similar but more complex. A data visual attributes, some of which may come from the same concept.For example, in the same metaphor,

T^a(node .color) = T^a(node.shape) = T^a(blob.label2–text) = entity–class.kind

indicates the same choice of node or blob concepts as above. In addition, it specifies redundancy: visual

Non-onto functions and non-functional correspondences will prove useful in extending metaphors toallow visualizations of subsets of data schema information, part of our future work.

attributes node.color and node.shape are from the same concept, so they redundantly capture data attributeentity-class.kind. Value mappings are similar, but even more complicated, so they warrant two examples.First,

T^v(edge.color == ‘green’) = T^v(edge.color == ‘orange’)

= (relationship.card–ratio == ‘1:1’)

demonstrates attribute value choice; two values have the same meaning with respect to the metaphor. Second,

T^v(node.color == ‘blue’) = T^v(node.shape == ‘square’)

= T^v(blob.label2–text == ‘P’)

= (entity–class.kind == ‘primitive’)

includes values from different concepts (e.g. node.color versus blob.label2-text), paralleling the choice at theconcept level, and different values for different attributes of the same concept (e.g. node.color andnode.shape), indicating values for redundant attributes.

a visual schema that could be produced by applying the induced printing medium, color attributescannot be displayed directly; instead they are indicated by the name of the color along the line of the edge.)

entity-class1 ("Name", primitive)entity-class2 ("Age", primitive)entity-class3 ("Salary", primitive)entity-class4 ("Person", compound)relationship1 ("Children", M:N, entity-class4, entity-class4)relationship2 ("Has Name", 1:N, entity-class4, entity-class1)relationship2 ("Has Age", 1:N, entity-class4,entity-class2)relationship2 ("Has Salary", 1:N, entity-class4, entity-class3)NameAgeSalaryPersonHas NameHas AgeHas SalaryChildren

A DDL Representation of the Data SchemaA Visual Model Representation of the Data Schema

(Yellow)(Black)(Yellow)(Yellow)Figure 4.2. Example of a metaphor applied to a schema.4.4 Judging Metaphors: The Good, the Bad, and the UglyGiven a framework for creating visual metaphors, it is necessary to examine issues of metaphor correctness.We thus develop criteria that are useful in ensuring that a metaphor accurately presents information. There areissues beyond correctness, however, that affect how well metaphors visualize information. We discuss theseissues of metaphor quality and their impact on visualization as well.4.4.1 Metaphor CorrectnessWe have already discussed the requirements for the relation

T

order for it to be a valid metaphor based on the desired operational goals, retrieval and/or update. In addition, there are three other issues that affect thecorrectness of a metaphor. All three require some consistency between the metaphor and the visual model, thefirst in terms of allowed attribute values, and the second two in terms of constraints.First, consider attributes whose values are concept instances, e.g., the from-class attribute of relationshipin Section 4.3.3. It is necessary that the type of such a concept instance-valued visual attribute be consistentwith the metaphor and with the type of the data model attribute to which it is mapped. Continuing the aboveexample, the attribute relationship.from-class takes values of type entity-class. The concept entity-class ismapped to by more than one visual concept, specifically node and blob. As a result, it is necessary that thevisual attribute edge.from-node, which maps to relationship.from-class, accept as values concept instances oftypes node and blob. Specifically, if

R^D_* (P.A) = I(P′)

for some

P′∈ P^D

then the following should hold:

R^G_* (T_{–1}P.A)) = UP′′∈ T–1(P′)I(P′′)

For example, the metaphor of Section 4.3.3 satisfies the above since

R^G_* (T_{–1}(relationship.from–class))

= I(node) ∪ I(blob)

= U^{P ∈ T}–1^{(class)}I(P)

Otherwise, it would not be possible to choose arbitrary node or blob representations for entity-class conceptinstances.Second, when there is redundancy in the metaphor, i.e.,

T^a

is not 1-1 and different attributes of the sameconcept in

P^G

are mapped to the same attribute of some concept in

P^D

attributes mustbe consistent. This can be enforced with constraints in

C^G

. For example, in the metaphor presented in theprevious section, the color and shape attributes of node are redundantly used to capture the kind attribute ofentity-class. For the metaphor to be correct as defined in Section 4.3.3, the visual model must include thefollowing constraints:

∀ n ∈ node, color(n) = ‘blue’ ⇔ shape(n) = ‘square’,

∀ n ∈ node, color(n) = ‘red’ ⇔ shape(n) = ‘oval’.

Allowing any other combination of shape with color would permit visual schemas with no corresponding data model from being used for updates of the data schema, since it wouldallow conflicting values of the kind attribute of the entity-class. For example, a visual schema with a blueoval would have no meaning with respect to the metaphor.

map to an invaliddata schema, and vice versa. This is ensured through a relationship between the constraints in the data modeland those in the visual model. This relationship may be very complex, since one may perform inferences on agiven set of constraints to derive additional constraints that are not explicitly specified. For the purposes of thisthesis, we take a simple approach and consider only some straightforward sufficient conditions for the models. Specifically, for two constraints c

and c′

, c

subsumes c′

if the set of schemas that satisfy c

is a subset of the set of schemas that satisfy c′

. Consider the subset

C^G′

ofthe constraints in

C^G

that are mapped by the metaphor

T

. (Note that no composition constraint is among them.)If the visual model will be used for retrieval only, then the following should hold:

∀ c′∈ C^D′, ∃c ∈ C^D, c subsumes T(c′)

This is sufficient to ensure that all data schemas have a corresponding visual schema. On the other hand, if thevisual model will be used for updates as well, then the following should hold:

C^D = T(c) | c ∈ C^G′

This is sufficient to additionally ensure that all visual schemas have a corresponding data schema. Note that thevisual model may have additional constraints, those in

C^G

—

C^G′

e.g., composition constraints or otherconstraints that are enforced for presentation purposes.4.4.2 Metaphor QualityA metaphor may be correct and nonetheless present information poorly. For example, it is conceivable tohave a correct metaphor where

T^a

is not a function. Such a

T^a

would map the same visual attribute to more thanone data attribute, so that each value of the former corresponds to a combination of values of the latter. Wehave decided, however, that this introduces a level of visual complexity that is often uncomfortable and wouldresult in confusing visual schemas in many cases. For example, consider the relationship concept of the datamodel in Section 4.2.4, enhanced with a kind attribute taking values �part-of� and �association�. Following themetaphor of Section 4.3.3, consider mapping the edge.color attribute to the combination of therelationship.kind and relationship.card-ratio attributes. Each of eight colors would map to a givencombination of kind and ratio, e.g.,

T

(�orange�) = (�part-of�, �M:N�). Such a

T^a

strictly incorrect, data schemas can still be derived with the desirable propertieswith respect to information capacity. We believe, however, that such a metaphor would be more difficult formost users to remember than one where two separate visual attributes are mapped to the two data attributes. Wethus disallow non-functional

T^a

�s.

T^a

other characteristics of metaphor quality also affect information presentation.

that greatly affect metaphors: information hiding, which occurs when informationis captured by the visual model but is not visible to the user, visual ambiguity, which happens when instancesof different visual concepts or different values of the same attribute appear identical to the user, and semanticambiguity the data attribute values they capture. Thefirst two issues are concerned with the visual model alone, while the third regards the metaphor itself. Thereexist other issues of metaphor quality beyond those mentioned above, including intuitiveness, versatility, andemphasis. These are more difficult to quantify so they are beyond the scope of this thesis.In general, there are no universal rules about good user interfaces. Nevertheless, we believe there arecertain desirable and undesirable characteristics of user interfaces in the context of our own work. We thus above with comments on the trait�s implications,and whether we believe these implications to be good or bad.4.4.2.1 Hidden InformationNot all information captured by a visual model is visible to the user. This hidden information falls into twocategories: transient and structural. Transient hidden information is not visible to the user but can becomevisible through some manipulation of the visual schema that leaves the underlying data schema unchanged.Consider the visual model described in Section 4.2.4 and the metaphor from Section 4.3.3. The node concept

instances have locations that may be anywhere on the plane, thus it is possible for two nodes to have the samelocation. The convention for such cases in a 2-D display system is to make one of the nodes invisible or partlyvisible, conceptually �behind� the other node. The node that is behind captures information, yet the usercannot see it. If the front node is moved, an operation that does not affect the underlying data schema, the backnode becomes visible. Figure 4.3 demonstrates how one concept instance can be partially or totally hidden byanother.

Node1Node2Node2Node1Node2Node1Both Node1 and Node2 VisibleNode2 Partially HiddenNode2 Completely HiddenFigure 4.3. An example of transient hidden information.This example of hidden information depends on the fact that the location attribute is free, not part of themetaphor. Freedom of other attributes can also result in transient hidden information. For example, if the sizeof a node were free, the node could be hidden by setting its size to zero.Structural hidden information is information that a visual model captures but does not display. Considerthe edge concept from the visual model in Section 4.3.1 and the metaphor in Section 4.3.3. It has twoattributes, from-node and to-node, which are not directly shown. Their values are made visible by theconstraints that define the location of the edge. Consider the result of removing this constraint from the visualmodel. The location of edges would no longer be constrained; an edge line could appear anywhere in thevisual schema with no relation to the nodes specified by its from-node and to-node attributes. The visualmodel would still be valid with respect to the data model and metaphor, but it would not be functional for theuser. The visual model would still capture the same information, but this information would not be visible tothe user. Figure 4.4 demonstrates the appearance of a visual schema with and without the constraints thatdetermine edge location. The same metaphor contains another example of structural hidden information.Edges are not directed, and as a result it is not possible to distinguish the edge�s from-node from the to-node.

Node1Node2Node3 edge1edge2edge1edge2Node1Node2Node3Figure 4.4. An example of structural hidden information.Structural hidden information can occur whenever the appearance of one attribute is affected by anotherattribute or constraint. In the above example, the from-node attribute is made visible through a constraint that links it to another attribute, source-location

We believe that structural hidden information should usually be avoided, whereas transient hiddeninformation need not be. In many cases, a model that cannot visually display all the information it captures isundesirable. Temporarily invisible information, however, is not a problem as the hidden information can bemade visible when necessary. In fact, transient hidden information can be a very useful tool for reducing clutterin a visual schema by hiding infrequently needed information.4.4.2.3 Visual AmbiguityVisual ambiguity occurs when a visual model contains two distinct concepts (members of

P^G

or twodistinct values for the same attribute (members of

V^G

) that are visually indistinguishable. Two items arevisually indistinguishable when a user viewing one cannot discern which of the two it is.Objects with identical appearance are obviously visually indistinguishable. For example, it would be legalto define two different visual concepts with the same attributes and values, and equivalent constraints.

concepts and their characteristics), but users might be unable to interpret schemas correctly, since instances ofthe two visual concepts would appear the same. We refer to these cases as strict visual ambiguity. A slightlyless strict form of visual ambiguity occurs in cases where attributes of two different concepts have differentnames, but the same values and constraints.Another kind of visual ambiguity occurs when two concepts or attribute values appear very similar, though appearance may be visually indistinguishable, depending in example, if two polygons of 15 and 17sides are mapped to two different values of a data attribute, Figure 4.5 shows that users might not be able tocorrectly distinguish between the two values. Another example would be two concepts with different attributesand values but the same appearance to the user.

using randomly assigned colors to represent values between 1 and 500 would be problematic for any userlacking an perfect memory (if the values are of interest to the user). Using colors ordered and spaced by theirplace in the spectrum would be better, giving the user a feel for the magnitude of different values. Using Arabicnumerals to visually represent these values would be the most precise (though possibly less effective for givinga quick impression of the value). While improving human memory is beyond the scope of this thesis, we canoffer visual attribute and value choice guidelines to reduce semantic ambiguity.In general, any visual attribute type can be used for representing a data attribute with a small value range.For example, it would not be difficult for a user to learn associations between a small number of shapes, colors,or patterns, and their corresponding data model values. Precisely capturing values with a larger range, however,requires visual attributes with inherent meaning; the visual value must in some way suggest the data value.Attribute types may be divided into two categories with respect to inherent meaning. Text and pictures canhave much inherent meaning as long as the viewer shares a linguistic or cultural context with the creator. Someattribute values are almost universal in their inherent meaning, e.g., the image of a human face carries themeaning �a human face� to most humans who see it. Others require more cultural context, for example, apicture formed of a red octagon with the word �STOP� in the middle has an immediate association for peoplewho have experience with roads in certain countries. Shape, color, pattern, size, and location have less inherentmeaning, and what meaning they have is limited to more narrow contexts. For example, a red colored lightmeans �stop� in the context of driving, but it also means �on� in the context of electric kitchen ovens andtoasters. If a precise representation is not needed, the limited inherent meaning of these attributes can be useful.For example, consider a metaphor that associates the spectrum of colors to a large range of temperatures. Whilespecific values would be hard to determine, the user could easily make comparisons and determine generalmagnitudes of values.As a result, in most cases text and pictures should be used to represent values with large ranges. In somecases, when a general impression of the value is needed instead of the exact value, other attributes can be used.Values with a smaller range, such as entity-class kind from Section 4.2.2, may be represented by any type ofattribute.

Different metaphors have different characteristics: emphasis, space efficiency, intuitiveness, and

There is no single metaphor that is best for all schemas and all situations. We believe that a schemavisualization tool should support a variety of metaphors and associated visual models. Users will be able tochoose among them so that the same data schema may be viewed as different visual schemas, each suitable for

The use of different metaphors may be taken one step further, by allowing the use of different metaphorcorrespondences for different parts of the same visual schema. This is faithful to the definition of metaphors inSection 4.3.1, which allows correspondences between one data model concept and several visual modelconcepts. Such metaphors may originally be defined this way, or may be defined as a combination of twosimpler metaphors. This involves combining their visual models into a single, unified model, and combiningthe metaphors to map from that model. The following section presents some example metaphors that will beused to demonstrate the formal specification of metaphor combination.

Model

Concept

(P)Attribute

(P.A)Attribute Values

(R^*(P.A)) G_1node

shape

{oval} location plane-points

{100 pixels}

{white} label-text textlabel-color

{blue,red} edge source-location dest-location

{red, orange, magenta, green} from-node

(node)

{black}

G_2

node

{rectangle}

{yellow, brown} arrangement label-location parent-node child-node

(node)Table 4.6. Two Visual Models.4.5.1 Example Visual MetaphorsConsider the data model of entity-classes and relationships described in Section 4.2.4. Also considerthe visual models,

G_1

and

G_2

described in table 4.6. Visual model

G_1

is similar to described in Section4.2.4. Visual model

G_1

has nodes that are rectangles, and instead of using edges to represent a connectionbetween two nodes, it uses arrangements. Arrangements are formed from a text-display construct and twonodes, a parent-node and child-node. The existence of an arrangement affects the location of the child-node.The specific physical arrangement is defined by a set of constraints which require node placement similar to atextual outline, where subpoints appear below and indented to the right of the main points. It should be notedthat

G_2

is a visual model not for general directed graphs but only for trees, as any child node with multipleparents would have conflicting constraints on its location. These models are accompanied by severalcomposition constraints, which are of no particular interest and are therefore not shown.

define a metaphor. The two metaphors are shown in Tables 4.7 and 4.8. Forbrevity, the part of the metaphor that corresponds to the

T_v

function is not included. Visual metaphor

T_1 : G_1 → D is similar to the metaphor described in Section 4.3.1, except that it does not include the blobconcept, and entity-class.kind is represented by node.label-color. Visual metaphor

T_2 : G_2 → D is differentin that entity-class.kind is captured by node.color and that relationships are expressed as physicalarrangements of the related nodes (as described earlier). Figure 4.6 gives examples of a simple schema each of the metaphors. This example, drawn from the Cupid simulation model (described inChapter 6), shows a case where the outline metaphor is more compact than the graph metaphor.

Clod SizeBulk Density

Silt FractionQuartz FractionReal

RealRealRealRealRealTextureClod SizeBulk Density

Silt FractionQuartz FractionRealRealRealRealRealReal

TextureFigure 4.6. An example schema displayed using each of the two metaphors.

G_1 T_1(x)

node entity-class node.label-text entity-class.name node.label-color entity-class.kind edgerelationship edge.label-text relationship.name edge.from-node relationship.from-class edge.to-node relationship.to-class edge.label-color relationship.card-ratioTable 4.7. One sample metaphor.

G_2 T_2(x)

node.color arrangement relationship arrangement.label-text arrangement.parent-node arrangement.child-node arrangement.label-color relationship.card-ratioTable 4.8. Another sample metaphor.

4.5.2 Combining Visual Models and MetaphorsIn order to use different metaphors for different parts of a schema, the visual models associated with thesemetaphors must be combined into a single model. In addition, the metaphors themselves must be combined toform a unified metaphor, mapping from the combined visual model to the data model. Combining the visualmodels ensures that the concepts from different models may be used together, and that the metaphorsthemselves may be combined.There are several abstractions that could be used to model the combination of visual models and metaphors,any of which results in a valid, unambiguous, and usable metaphor and schema mappings. These abstractionsdiffer in the level of mixing that they permit of the visual models and metaphor functions. In this subsection,we discuss an abstraction that allows mixing at all levels. The subsequent subsections describe correctness and

For the visual models

G_1 =<P_{G1},A_{G1},V_{G1},Q_{G1},R_{G1},C_{G1} >, and

G_2 =<P_{G2},A_{G2},V_{G2}, Q_{G2},R_{G2},C_{G2} >

, consider their combination

= < _{PG AG}, _{VG}, _{QG}, _{RG}, _{CG} >. By definition, for anyconcept P that is common to both visual models, the equality

Q_{G1}(P) = Q_{G2}(P)

holds, i.e., the same concepthas the same attributes in all visual models that include it. The elements of the visual models are combined asfollows:

P_G = P_{G1} ∪ P_{G2} A_G = A_{G1} ∪ A_{G2} V_G = V_{G1} ∪ V_{G2} C_G = C_{G1} ∪ C_{G2}

Note that, based on the naming convention established in Definition 1, the above equations imply that:

∀ P ∈ P_G, Q_G(P) = Q_{G1}(P) ∪ Q_{G2}(P) ∀ P.A∈ A_G, R_G(P.A) = R_{G1}(P.A) ∪ R_{G2}(P.A)

Given a combined visual model, two metaphors

T_1 = T_{p1} ∪ T_{a1} ∪ T_{v1} and

T_2 = T_{p2} ∪ T_{a2} ∪ T_{v2} may becombined to form a unified metaphor

T = T_p ∪ T_a ∪ T_v where:

T_p = T_{p1} ∪ T_{p2} T_a = T_{a1} ∪ T_{a2} T_v = T_{v1} ∪ T_{v2}

4.5.3 Correct and Good Mixing of MetaphorsThe result of combining two metaphors using the process shown in the previous section must satisfyDefinition 3 in order for it to be a metaphor itself. Assume that

T_1

T_2 are correct metaphors with respect toeither viewing or updating data schemas. Then,

T_1

T_2 additional propertiesof totality and/or 1-1ness. When taking the union of

T_{x1}

T_{x2}

(for

x∈ {p,a,v}

), totality and onto-ness cannever be lost. 1-1ness may be lost when unioning, but it is unrelated to correctness and only affects redundancy is necessary

for correctness and may be lost when unioning. In that case,

T is not a correct metaphor, implying that the combine

T_1 and

T_2, the resulting

T_p, T_a, and

T_v must befunctions.The combined metaphor must also satisfy the criteria from Section 4.4.1. In addition, the new set ofconstraints established by unioning the constraints of the two original visual models must contain nocontradictions and should not exclude any visual schema that was valid in the two original visual models. If anyof the above does not hold, then the original metaphors are not combinable.We should emphasize once again that one could use a different abstraction from that described in Section

allow different pairs of metaphors to becomecombinable. We have chosen the above abstraction for its simplicity and because it captures several desirablemetaphor combinations.4.5.4 Example Metaphor CombinationConsider the example metaphors from the previous section. When the two are combined, the metaphor willappear as shown in Table 4.9. Where both original metaphors are the same, such as the mapping of entity-class or entity-class.name, the combined metaphor is the same. Where the original metaphors diverge, thecombined metaphor either offers choice (as in the case of relationships) or redundancy (as with entity-class.kind).The unified visual model undergoes similar changes, as shown in Table 4.10.

x T(x)

node entity-class node.label-text entity-class.name node.label-color entity-class.kind node.color edge relationship arrangement edge.label-text relationship.name arrangement.label-text edge.from-node relationship.from-class arrangement.parent-node edge.to-node relationship.to-class arrangement.child-node edge.label-color relationship.card-ratio arrangement.label-color relationship.card-ratioTable 4.9. A Combination of Two Metaphors.

Concept

(P)Attribute

(P.A)Attribute Values

(R^*(P.A))node

shape

{oval, rectangle} location plane-points size{100 pixels} color

{yellow, brown, white} label-text textlabel-color

{blue,red, black} edge source-location dest-location

{red, orange, magenta, green} from-node

(node) to-node

{black} arrangement label label-location parent-node child-node

(node)Table 4.10. A Unified Visual ModelNodes existed in both of the original models, yet they had different shapes. In the combined model, achoice of shape exists. Figure 4.7 gives an example of a schema displayed using the mixed metaphor. Notehow node shape is either oval or rectangular, and how relationships may be displayed either using an edge oran arrangement

CompanyStringNameEmployeePersonNameAgeStringIntSalaryPhone #AddressFloatStringStringDepartmentProductName# EmployeesFloorAddressStringStringIntIntProduct ID##producedProductTypeIntIntStringProductDepartment

Figure 4.7. An example of a schema displayed using the combined metaphor.

4.6 Visually Capturing Additional InformationThe definition of models and metaphors allows the visual model to have greater information capacity thanthe data model. Specifically, there may be more concepts in the visual model than in the data model, the visualmodel concepts used in the metaphor may have more attributes than their corresponding data model concepts,and the range of visual attribute values may be greater than that of their corresponding data model attributes. Itis possible to define the visual model to have the same information capacity as the data model, but often extrainformation capacity is valuable. Surplus information capacity may be used in two ways. One is to enrich themetaphor. For example, the

T_p T_a and

T_v functions may be many-to-one, allowing redundancy and choice

other use of extra information capacity, and the subject of this section, is tocapture information outside of the data schema. This information may be divided into two categories:presentation and personal model information. The personal model a superset of the data model, additionallycontaining information that is part of the user�s conception but not captured by the database. Presentationinformation is any visual information not mapped by the metaphor

These two kinds of information will bediscussed in depth in this section.4.6.1 Presentation InformationPresentation information is visual information that is not mapped by the metaphor. For example, thelocations of nodes in a directed graph are usually chosen for purely aesthetic reasons, so location would not bepart of the metaphor. While not capturing any part of the data schema, this information is important as it canaffect the readability of a presentation, and it may express meaning for the user that is difficult or impossible tocapture in the data model. There are many ways to lay out a directed graph, all having the same meaning, butsome are much more readable than others.Presentation information is captured by those surplus visual model concepts and attributes that are not inthe domain of the metaphor, and by the attribute value and concept choices that are part of the metaphor. For anexample of the use of extra concepts, consider the visual model and metaphor from Section 4.3.1 supplementedwith the following concept:

Concept (P) Attribute

(P.A)

Attribute Values

(R^*(P.A))

rectshape

{ rectangle } location plane-points sizeinteger × integer pixels background-color

{ white } border-color

{ black } border-width

{ 2 } pixels Table 4.11. The Rect concept.This rect is a black bordered rectangle of any given size and location. Not part of the metaphor�s domain,it can be used freely without affecting the meaning of a visual schema. For example, a rect could be placedaround the entire schema to give it a border and improve its appearance.

An example of surplus attributes may be found in the same metaphor: node-location is not specified by themapping and can be freely specified as mentioned above. Similarly, the possibility of representing 1:1relationships as either �green� or �orange� edges allows the user aesthetic leeway without changing the meaningof the visual schema.Another means of capturing presentation information is through choice of visual model concepts. Differentconcepts may have very different appearances, affecting the aesthetics of the schema. For example, consider thecombined metaphor described in Section 4.5.2. It maps two visual concepts, edge and arrangement, torelationships. These visual concepts have very different appearances and would be suitable in differentsituations.4.6.2 Personal Data Model InformationDatabases are commonly used for holding information about real-world items. Data schemas describe theorganization of these items in as much detail as allowed by the data model. Frequently, however, there existsother organizational information about these items that might be helpful to the user, but is not or cannot becaptured by the data schema.We introduce the notion of a personal data model to capture the organization of the database from theuser�s viewpoint. This is no different from any other data model, except for the fact that each user may have adifferent personal data model (while there is a single system data model) and also that each personal data modelmust be an extension of the system data model. Accordingly, extended visual metaphors may be defined froma visual model to personal data models to capture the full range of characteristics of personal data schemas, asshown in Figure 4.8. Such an extended metaphor would map visual model concepts, attributes, and values notused by the regular metaphor (i.e., its excess information capacity) to corresponding constructs of the personaldata model that are not part of the system data model. Figure 4.8 demonstrates the distinction between Personaland Aesthetic information: Personal information may be preserved between different visual models, andAesthetic information can only be preserved within a single visual model.

Visual Metaphor

Visual ModelData Model

Personal ModelPersonal InfoSchema InfoAesthetic Info

Enhanced Vis. Met.

Figure 4.8. The personal data model and metaphor as extensions of the data model and visual metaphorAs an example of a personal data model and its corresponding personal metaphor, consider the data modelof Section 4.2.4, whose concepts are entity-class and relationship. Like other object-oriented/semantic datamodels, this model does not allow higher-level groupings of entity-classes or relationships, an ability thatcould be very useful to a user. For example, a schema combining data from an experiment could have entity-classes grouped by their roles within the experiment (e.g., input versus output), whether their contents areconsidered accurate, and their significance to the user. Multiple simultaneous orthogonal groupings may becaptured this way, with an entity-class belonging to several different groups for different reasons. This may beachieved by allowing a user to extend the above data model so that groups can be captured. The visual

metaphor from Section 4.3.1 may also be modified to represent group information to the user. In the originalmetaphor, node size, label-color, shape, and location are attributes that are not part of the metaphor mapping.If the visual model were defined to allow these attributes a greater range of values, they could be used by thepersonal metaphor to enhance the information that is captured visually. Figures 4.9, 4.10, and 4.11 giveexamples of an unmodified visual schema, grouping by location, and grouping by shape and location,respectively.

Figure 4.9. A directed graph.

Figure 4.10. Grouping by location.

Figure 4.11. Grouping by location and shape.4.7 Managing Layout when Concept Instances Change Size4.7.1 IntroductionWhenever visual concept instances change in size, problems of visual schema layout can occur: wheninstances grow, undesirable overlap may result, and when instances shrink, the schema can become overlysparse. Changes in size can happen when mixed metaphors are used, or any time the size of a visual conceptinstance is variable. For example, if a single data model concept is mapped to by two visual concepts of widelyvarying sizes, changing the metaphor for a concept instance can cause a visual schema to become either morecrowded or more sparse. Consider a new visual model

G^3

shown in Table 4.11, and mixed metaphor (notshown) that maps from

G^3

to the data model

This visual model and metaphor represententity-classes as either small-nodes big-nodes, and relationships as edges. A small-node is an oval justlarge enough to contain a single label, which has the text �P� or �C� indicating whether the entity-class is primitive or compound. A large-node is a larger rectangle holding labels for the name of the entity-class, itskind (represented as the strings �Primitive� and �Compound�), and a comment field that displays the personalinformation of an annotation describing the

Model

Concept

(P)Attribute

(P.A)Attribute Values

(R_*(P.A))

G^3small-node

shape

{oval} location plane-points size{12 pixels} color

{white} label-text

{�P�, �C�} label-color

{black} big-node

{rectangle} label1-text textlabel1-color label2-text

{�Primitive�, �Compound�} label3-text textedge source-location dest-location

{red, orange, magenta, green} from-node

({small-node, big-node}) to-node textlabel-color

{black}Table 4.12. Selected attributes of the concepts in visual model

G^3

An example schema in model

G^3

is shown in Figure 4.12. Note that if the visual representation any of theentity-classes is changed from small-node to big-node, it is clear that overlap with other nodes might result.

of the schema. Undesirableoverlap is sufficiently common that we provide a pair of general mechanisms for managing it. Thesemechanisms are necessary because the formalism does not capture behavior: it is possible to indicate thatoverlap is illegal using constraints, but it is not possible to specify what actions should take place when overlap changing size. When largeconcept instances get smaller, the schema becomes more sparse, and space is less well utilized. Ideally, anysolution for managing schemas that are too crowded will also help with schemas that are too sparse. Thefollowing subsections describe two heuristics for managing overlap when concept instances become larger, andutilizing empty space when concept instances become smaller.

WindBar. Press.Temp.

Precip.HourLocation

LongitudeLatitudeAltitudeLocationCompoundDescribes where measurements takenFigure 4.12. A sample schema in model

G3We have chosen to address these problems using approaches that are partially automated, i.e. they rely upona certain degree of input from the user. We have found that users rely upon the relative locations of conceptinstances in a schema, so we want an approach that allows users to specify the layout of a schema and that keepsthe overall shape of the schema similar as concept instances change in size. Other work exists on fullyautomatic layout of trees and directed graphs [ET89, Mess88, Moe90], but this work has two limitations. Theapproach to trees considers user-specified information, but it is not sufficiently general to apply to arbitraryvisual models, and the work on graphs produces unstable layouts, i.e., a small change in a graph can result in alarge change in the layout. Unstable layout algorithms lose the important user-specified location information.4.7.2 A simple approach to manage overlap: Prevention & PlowingThe simplest approach to managing overlap is to prevent it. Constraints can specify between what conceptsis overlap forbidden, and whenever an operation would result in a schema with illegal overlap, that operation innot permitted. This solution is satisfactory for some operations, such as movement, but is less adequate forothers. For example, when the label of a big-node is lengthened, making the rectangle wider, it would beunpleasant to have the system disallow the change because enough space is not available. This approach can beimproved by pushing other things out of the way using a �plowing� algorithm. Plowing, described generally byOusterhout [Ous84], is an approach where overlapping items are pushed out of the way, just as a plow pushessoil. We have implemented plowing as follows:

This approach may be extended to handle over-sparse graphs as well. Just as certain operations can resultin overlap and concept instances being pushed from their locations via a plowing algorithm, when the sameoperations make space available, neighbors of that space should be pulled in using plowing in reverse. Thereverse-plowing algorithm works as follows:

This algorithm is overzealous: it may pull back more instances than plowing will push. As a result,plowing and reverse plowing may make the schema more compact over time, changing the relative locations ofdifferent parts of the schema. For example, Figures 4.13 through 4.15 show a small-node changing to a big-node and back again. In some situations these problems are not serious, and the combination of prevention forsome operations and plowing/reverse-plowing for others is sufficient.7 In many situations, however, thelimitations of the prevention/plowing approach would be unacceptable. For example, in many cases the userwould like the overall shape of the schema to stay the same as instances change in size. The next subsectiondescribes a more advanced solution that can preserve user specified layout as concept instances get larger andsmaller.IntPrimitiveHour of day measurement taken

Figure 4.13.Figure 4.14.Figure 4.15.A simple schema.small-node to

Back to small-node.

7Deciding which operations should be disallowed, and which should result in plowing is a subject foruser evaluation, and will not be considered further here.

4.7.3 A more advanced approach: move towards safe locationsIn some situations, the user specifies schema layout and would like the schema to return to that layout ifconcept instances change in size, then return to their original state. This subsection describes an approach thatuses user-specified layout information to guide automatic changes to the schema. The central idea of thisapproach is that the system should record certain user-specified non-overlapping layouts. Concept instance�slocations in these layouts are called �safe�, because when everything is in its safe location, there is no overlap.In general, when overlap occurs, concept instances are moved towards their safe locations until there is nooverlap. This approach relies upon the following assumptions:- The cause of overlap and sparsity is that one or more concepts may not overlap,that they have representations of varying size, and that for each type therepresentations may be ordered by size.- The user wishes to move between several layouts of the schema, some more compactthan others, but all in the same general area, and all having the same generalshape.- The original layout is user specified.

Consider a simplified version of the schema in Figure 4.12. Through some mechanism (to be explainedlater), the user specifies a non-overlapping layout for the entire schema when all the arerepresented as (referred to as the �small schema layout�), and another such layout when all the (the �big schema layout�). Figure 4.16 shows these two layouts, one ontop of the other. These two layouts are recorded by the system. For each concept instance, the location it layout terms because in the two extreme cases,of the biggest schema and the smallest schema, those locations were safe with respect to overlap with otherconcept instances. No two concept instances are allowed to have overlapping big-safe or small-safe locationsThis layout information is used as follows. Consider starting from the small schema. Whenever a concept representing hours were changed to to be moved downward toward their big-safe locations, the representing inputs were changed to a then big-safe location. This would cause it to overlapwith the two causing them to be moved towards their big-safe locations. One of the two can only be moved a short distance before it reaches its big-safe location, causing the to bemoved further. The resulting schema is shown in Figure 4.19. If the other two were expanded,Available space is managed using a similar approach. Whenever a concept instance changes representationfrom a to a it is moved toward its small-safe location until it gets there or finds anothernode in the way, at which point it stops. This process frees space, so any neighboring nodes are moved (ifThis example explained the gist of the move-toward-safe-locations approach. The next two sectionsdescribe in more detail how the safe locations are defined, and how the layout algorithm uses safe locations

The example in Section 4.7.3.1 had two safe layouts, one for each representation of the In the are not allowed to overlap, each of theirvarious representations must be associated with a safe layout. For example, if a concept had five different five safe layouts between which the schema would move. These layoutsare prioritized; in the above example the concept instances in their large-safe location took precedence overconcept instances in their small-safe locations. The priority should be given in descending order from largestrepresentation to smallest, because a smaller representation can always fit inside the safe location of a largerGiven the potentially large number of safe layouts, it would be infeasible to ask the user for every safelocation each time a new concept instance is added to the schema. In addition, our users have found it it currently overlapsthe safe locations of other instances at that level). As a result, we have decided to allow safe locations to be in a All safe locations for a concept instance are unspecified until the instance is locatedsuch that its current footprint does not overlap any safe locations for its level. When an instance has an

These rules ensure that no two concept instances have the same safe location in the same safe layout. Thenext subsection describes the rules for managing overlap given safe locations in different layouts, and theand each concept instance may have a safe location for each of its different representations in those layouts(though the location may be unspecified instead). This section describes the rules for managing overlapbetween concept instances when a change to the schema results in overlap. When overlap occurs between two

Thus, whenever overlap occurs, concept instances are moved toward their location in a more spacious layout, change in size.If the sizes of different representations can be ordered, then the more advanced heuristic works very well inreturning the schema to a prespecified layout after a number of changes. It also keeps the shape of the schemasimilar between layouts. If no such ordering exists, then the advanced heuristic does not handle mixedIn this chapter, we have presented a formalism for visual metaphors and described how it may be used toimprove the visual presentation of data schemas. This formalism allows high level description of theevaluation and comparison of metaphors, and combination of different metaphors. The formalism can help the formalism has been implemented as for schemas of arbitrary data models, visual models, and metaphors. This tool is described in